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Abstract—An exoskeleton is utilized to effectively
restore the motor function of amputees’ limbs and is
frequently employed in motor rehabilitation training
during convalescence. Understanding of exoskeleton
impact on the brain is required in order to better and
more efficiently use the exoskeleton. Almost all previ-
ous studies investigated the exoskeleton effect on the
brain in a situation with constraints such as predefined
walking speed, which could lead to findings differed
from that obtained in an unconstrained situation. We,
therefore, performed an experiment of unconstrained
walking with and without an exoskeleton. Both indi-
vidual connections and graph metrics were explored
and compared among walking conditions. We found
that low-order functional connections and associated
high-order functional connections mainly between the
left centroparietal region and right frontal region were
significantly different among walking conditions. Gen-
erally speaking, connective strength was enhanced in
LOFC and was decreased in aHOFC when assistant
force was provided by the exoskeleton. Further, we pro-
posed connection length investigation and revealed the
large majority of these connections were long-distance
connectivity. Graph metric investigation discovered
higher connectivity clustering in the walking with low
exoskeleton-aided force compared to the walking with-
out the exoskeleton. This study expanded the existing
knowledge of the effect of exoskeleton on the brain and
is of implications on new exoskeleton development and
exoskeleton-aided rehabilitation training.
Index Terms—Low-Order Functional Connectiv-
ity, (Associated) High-Order Functional Connectiv-
ity, Graph Metric, Unconstrained Walking, EEG, Ex-
oskeleton.
I. Introduction
AMBULATION is one of the most important func-tions for the human in daily life. Impairment in
ambulation would significantly affect the living and work,
as well as causing society burden. Varying incidents could
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result in disabled lower limbs or complete loss of limbs.
For example, 168 out of 284 motorcycle accident victims
suffered from lower limb injuries according to the report
in [1]. To release the impact of lower limb impairment, an
exoskeleton is usually utilized to help restore movement
function by two different manners. For those who tem-
porarily lose ambulant function and could recover through
rehabilitation training, an exoskeleton is considered as
a good assistant device for improving the effectiveness
of rehabilitation training and expediting the recovery of
motor function [2], [3], [4], [5]. If the motor function of
the lower limb cannot be recovered by the rehabilitation
training, the other manner replacing the impaired limb
is employed. An exoskeleton is used to restore motor
function by either augmenting the ambulant capability of
the impaired limb or replacing the amputated limb in the
case of a complete loss of the entire limb [6], [7], [8]. For
either manner, the attached exoskeleton would impose an
impact on the human brain, which should be investigated
in order to better and more effectively use the exoskeleton.
Up to now, a lot of efforts have been paid to understand
the effect of an exoskeleton on the brain. Similar to the
neural mechanism of contra-lateral control from the brain
to upper limbs, lower limbs are controlled by contra-
lateral brain hemispheres although the regions controlling
respective lower limbs are closer to the midline of the
brain [9]. According to the previous investigations, we have
known that power spectral densities (PSD) extracted from
the EEG recordings under different walking conditions
were different [10], [11], [12], hemispherical asymmetry in
the PSD was differential between the walking condition
with an exoskeleton and the walking condition without an
exoskeleton [13], the PSD was suppressed during walking
compared to the upright standing [14], and the correl-
ative relationship between brain activity and muscular
contraction of the lower limb [15] and so forth. These
differences among walking conditions have been utilized
as features, based on which different walking conditions
were successfully classified [10], [16], [17]. The difference
between walking and standing was also observed in brain
connectivity [18]. Brain connectivity would be changed
when an external stimulus was imposed on people [19] or
training was conducted [20]. If an exoskeleton was used
to assist walking, what happens in brain connectivity?
An answer was given in the study addressing brain con-
nectivity topology relevant to walking with and without
an exoskeleton in 2016 [21]. This study elucidated that
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the efficiency of brain organization was enhanced when
assistant force was provided by an exoskeleton to facilitate
walking compared to the walking condition without the
assistance of the exoskeleton [21]. The study gave the
first attempt to look insight into the brain inter-regional
connectivity but the sample size in the study was small.
A further study with the larger sample is required to
corroborate the findings.
In recent years, high-order functional connectivity
(HOFC) was proposed to explore the correlation between
topographical profiles. From this perspective of HOFC,
studies based on functional magnetic resonance imaging
(fMRI) found that patients with mild cognitive impair-
ment exhibited abnormal HOFC in the brain with refer-
ence to the brain connectivity representation of healthy
people [22], [23], [24], [25], [26]. Besides the modality
of fMRI, the HOFC was also applied to EEG modality
[27]. This study found that the HOFC was changed from
alertness state to drowsiness state in a driving experiment
and demonstrated that the HOFC was able to provide
complementary information to the low-order functional
connectivity (LOFC) for assessing driving drowsiness [27].
The HOFC should be also explored in the walking exper-
iment so as to reveal the high-order brain connectivity
under different walking conditions. Furthermore, graph
metric could be applied to the HOFC to understand orga-
nization efficiency in the high-order brain connectivity.
Last but not least, almost all previous studies investi-
gating the effect of an exoskeleton on the human brain
were performed in a constrained situation. For instance,
a treadmill was commonly employed in the walking ex-
periments due to the easier setup of the experiment and
the relatively precious control of walking speed. However,
these constraints could alter the behavior of walking as
participants might change their normal daily walking style
in order to fit with the constraints, which might bias the
findings derived from such experiments. To eliminate such
potential bias, an unconstrained situation is required in
the experiment for walking investigation.
As we can see from the above description, investigation
in the walking is not enough and further studies are
required to either compensate the lacks or deepen the
insights. Therefore, we, in this study, designed a walking
experiment in the unconstrained situation and attempted
to explore different walking conditions with and with-
out an exoskeleton from both individual connections and
graph metrics for LOFC, HOFC, and associated HOFC
(aHOFC). According to the published literature [16], [11],
[28], [10], alpha band and beta band were dominantly
involved in walking. Hence, our investigation was focused
on these two individual bands as well as the incorporative
frequency band of alpha and beta bands (i.e. 8 ∼ 30 Hz).
The details of the experiment setup, data processing, and
methodologies including LOFC, HOFC, and graph metrics
were sequentially described in the following sections. These
sections were followed by the section of results, where the
findings derived from this study were presented. These
results were discussed in the next section.
II. Experiment
In this experiment, there were four different walking
conditions: (1) Zero Force (ZF), participants performed
walking with an exoskeleton but no assistant torque was
provided to facilitate the walking; (2) Free Walk (FW),
participants did not wear an exoskeleton and performed
the walking; (3) Low Assistant Force (LAF), participants
walked with an exoskeleton and low assistant torque was
provided to facilitate the walking; and (4) High Assistant
Force (HAF), participants walked with an exoskeleton
with high assistant torque. The experiment was conducted
in a level corridor approximately 21 meters long and 2.1
meters wide. Equipment and monitoring displayers were
accommodated in a triple-deck trolley, which was located
beside but maintained at a proper distance to the partic-
ipant (please refer to Fig. 1 to have the overview of the
experimental environment). The exoskeleton used in this
experiment was a compact and wearable robotic system
that was optimized based on the biomechanics of human
gait to provide suitable assistant force for overground
walking [29]. In the LAF walking condition, the impedance
controller of the exoskeleton was set to 0.2 Nm/deg to
provide low assistant force. It was 0.4 Nm/deg to provide
high assistant force when performing the HAF walking
condition [30].
During the walking, 62-channel EEG, one bipolar chan-
nel EOG, and four bipolar channels EMG were recorded
using an ANT ASA-Lab system (ANT; Enschede, Nether-
lands). An additional EEG reference electrode was at-
tached to the right earlobe. All channels were sychro-
nized to record data at a sampling rate of 1,000 Hz
with impedance kept below 10 kΩ. In order to normal-
ize EMG data for mitigating differences in the force-
generating capacities of various muscles and variations
across participants [31], [32], a reference EMG record
was collected while the participants voluntarily contracted
their muscles to the maximal extent (i.e., maximal vol-
untary contraction, MVC) before the recording for four
walking conditions.
A total of 30 participants were recruited to attend this
experiment. All are males in order to fit with the range
of height and weight specified by the exoskeleton and the
consideration of generally inequivalent physical strengths
between males and females. Three of them were excluded
from the following data analysis because of incomplete
data recording. Based on the self-report, participants did
not have any history of major lower limb injury or known
neurological or locomotor deficits when they attended
the experiment. They had normal vision or corrected-
to-normal vision, aged at the mean of 24 years and the
standard deviation of 2.32 years. Their average body
mass index (BMI) was 22.92 ± 2.76 (mean ± standard
deviation). Participants were instructed to walk normally
similar to their daily walking without any restriction. They
walked from one end to the other end of the 21-meter long
corridor, counting one time, and repeated each walking
condition three times. The study was approved by the
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Fig. 1. Experimental environment. There are four walking conditions: (1) Zero Force (ZF), participants performed walking with an exoskeleton
but no assistant torque was provided to facilitate the walking; (2) Free Walk (FW), participants did not wear an exoskeleton and performed
the walking; (3) Low Assistant Force (LAF), participants walked with an exoskeleton and low assistant torque was provided to facilitate the
walking; and (4) High Assistant Force (HAF), participants walked with an exoskeleton with high assistant torque. EEG, EOG, and EMG
were simultaneously recorded from the participants.
Institutional Review Board of the National University of
Singapore (NUS) and all participants provided written
informed consent.
III. Data Processing
As the experiment was accomplished in an uncon-
strained situation, no gait cycle reference (e.g., heel strike)
was recorded. We, thus, used EMG data to obtain the
information of gait cycles. EMG data were first detrended
and centered and then bandpass (2 ∼ 400 Hz) filtered.
After that, the filtered EMG was normalized using the ref-
erence record to be a form of a percentage of the MVC [31],
[32]. A peak detection method was subsequently utilized
to partition continuous recording into gait cycles based
on the principle of that magnitude fluctuation pattern is
similar across gait cycles although magnitude itself varies
from one gait cycle to another [33]. A visual inspection was
further conducted to adjust the gait cycle partition or to
remove abnormal gait cycles for improving the precision of
the partition. If the length of a gait cycle was one standard
deviation shorter or longer than the average length, it
was removed. The numbers of the remaining gait cycles
were 65.1 ± 16.7, 63.3 ± 11.3, 62.0 ± 13.5, and 59.9
± 12.3 (mean ± standard deviation) for ZF, FW, LAF,
and HAF, respectively. The corresponding markers of gait
cycles were stored for the following EEG partition.
Artifacts should be removed before EEG data analysis
[34]. For EEG data, each channel was centered and then
downsampled to 250 Hz, which was followed by a bandpass
(0.5 ∼ 45 Hz) filter. An adaptive filtering method was
used to mitigate the effect of eyes’ movements on EEG
[35] and a canonical correlation analysis-based method
was used to reduce the EMG effect on the EEG [36].
Thereafter, independent component analysis (ICA) using
the infomax algorithm was utilized to decompose the
remaining EEG segments (continuous EEG was equally
divided into two-second segments and abnormal segments
were rejected using the procedure of segment rejection
in the EEGLAB toolbox [37]) into signal sources (i.e.,
independent components). The independent components
representing the remaining artifacts after preceding EOG
and EMG artifact mitigation or the pulse interference
were removed. The remaining independent components
were then back-projected to reconstruct the continuous
EEG signal. This reconstructed EEG signal was then
partitioned into gait cycles according to the gait cycle
markers that had been obtained using the EMG data. All
EEG gait cycles were time-warped to be the same length.
This was separately done for each participant.
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Fig. 2. (A) High-order functional connectivity (HOFC) is obtained by correlation between topographical profiles. Low-order functional
connectivity (LOFC) is inter-regional connectivity. (B) Associated high-order functional connectivity (aHOFC) is a measure assessing
similarity between the topographical profile and the high-order topographical profile. (C) Illustration of connections and profiles of the
LOFC, HOFC, and aHOFC.
IV. Methodologies
A. Low-Order Functional Connectivity
In this study, partial directed coherence (PDC) was
employed to estimate connective strengths for each pair
of EEG channels. Specifically, relationships between EEG
channels were modelled by multivariate autoregression as
follows
x1(t)
x2(t)
...
xK(t)
 =
q∑
r=1
Ar

x1(t− r)
x2(t− r)
...
xK(t− r)
+

w1(t)
w2(t)
...
wK(t)
 (1)
where X = [x1, x2, · · · , xK ]T is EEG with K channels,
Ar, r ∈ {1, 2, · · · , q} are K ×K coefficient matrices for
each lag r, W = [w1, w2, · · · , wK ]T is white uncorrelated
noise. q is order of the multivariate autoregression, which
was determined by Akaike information criterion (AIC)
[38],
AIC(q) = 2 log(det(Σ)) + 2K
2q
nsample
(2)
where det(Σ) is the determinant of the covariance ma-
trix of white noise W (t), and nsample is the number of
EEG samples. Once Ar was estimated by the Levison-
Wiggins-Robinson algorithm [39], it can be transformed
to frequency domain using Fourier transform, expressing
as
A(f) =
q∑
r=1
Arz
−r|z=ej2pif (3)
PDC from jth channel to ith channel at frequency f is
defined as
PDCi,j,f =
|aij(f)|√
K∑
k=1
a∗kj(f)akj(f)
(4)
where aij is an element of A(f), located at the intersection
of the ith row and jth column. Asterisk stands for the
transpose and complex conjugate operation. Connective
strength for a certain band was obtained by averaging
over PDCs of all frequencies within that band. In our
case, three connectivity matrices Mα, Mβ , and Mαβ
(M = [m1,m2, · · · ,mK ] ∈ RK×K , K is 62 in our case)
were obtained, which corresponded to alpha band (8 ∼ 12
Hz), beta band (13 ∼ 30 Hz), and the incorporative
band of these two bands (8 ∼ 30 Hz), respectively. These
matrices represent low-order functional connectivity.
B. High-Order Functional Connectivity
Each column mk (k = 1, 2, · · · ,K) in the LOFC matrix
M represents topographical profile for the kth channel
(see Fig. 2(C) for the illustration). High-order functional
connectivity is calculated by Pearson’s correlation between
each pair of topographical profiles (see Fig. 2(A)). Let
mi and mj denote topographical profiles for the ith
and jth channels, respectively. Before calculating HOFC,
elements represent self-connection (the element located in
the diagonal ofM) and the connection to the counterpart
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channel are removed from the profile. After removal, the
topographical profiles for the ith and jth channels are
rewritten as
m−i = [m1,i, · · · ,mi−1,i,mi+1,i, · · · ,mj−1,i,mj+1,i, · · · ,mK,i]
(5)
and
m−j = [m1,j , · · · ,mi−1,j ,mi+1,j , · · · ,mj−1,j ,mj+1,j , · · · ,mK,j ]
(6)
The dimensions of the vectors m−i and m−j are K − 2.
These vectors are respectively normalized by subtracting
the mean and dividing by the standard deviation. The
HOFC between these two topographical profiles is calcu-
lated by
HOFCi,j =
〈m−i ,m−j 〉
|m−i ||m−j |
=
Σk∈Θ(mk,i − m¯i)(mk,j − m¯j)√
Σk∈Θ(mk,i − m¯i)2
√
Σk∈Θ(mk,j − m¯j)2
(7)
where Θ = {1, 2, · · · , i− 1, i+ 1, · · · , j − 1, j + 1, · · · ,K},
m¯i and m¯j represent the means of mk,i and mk,j of the
ith and jth topographical profiles. After the HOFCi,j of
each pair of topographical profiles were calculated, they
were assembled into the HOFC matrix. Each element in
the HOFC matrix represents the similarity of the topo-
graphical profiles, called topographical connection. In this
paper, Hα, Hβ , and Hαβ stand for the HOFC matrices
corresponding to the alpha band, beta band, and the
incorporative band, respectively.
C. Associated High-Order Functional Connectivity
Associated high-order functional connectivity
(aHOFC) is a measure assessing similarity between
the topographical profile and the high-order
topographical profile (see Fig. 2(B)). It is calculated
by Pearson’s correlation between a column m−i =
[m1,i, · · · ,mi−1,i,mi+1,i, · · · ,mj−1,i,mj+1,i, · · · ,mK,i] ∈
RK−2 in M and a column h−j =
[h1,j , · · · , hi−1,j , hi+1,j , · · · , hj−1,j , hj+1,j , · · · , hK,j ] ∈
RK−2 in H. It is worth noting that the elements
represent self-connection/self-profile-correlation and the
connection/correlation to the counterpart channel/profile
are removed before calculating aHOFC. Similar to the
normalization performed in the topographical profiles,
high-order topographical profiles are normalized before
calculating aHOFC by
aHOFCi,j =
〈m−i ,h−j 〉
|m−i ||h−j |
(8)
D. Connection Length
We proposed to define the length of a connection be-
tween two channels based on physical locations of the
channels and attempted to explore the lengths of the con-
nections which were significantly different among walking
conditions. The coordinates of all 62 channels are shown in
the supplementary Table I. The connection length between
the ith channel and the jth channel is defined as
Di,j =
√
(Xi −Xj)2 + (Yi − Yj)2 + (Zi − Zj)2 (9)
where X, Y , Z are coordinates of the location of a
channel. After the distances of all possible pairs of two
channels were calculated according to Equation (9), the
distance mean and median can be calculated. We used
the distance mean and median to categorize connections.
If a connection length was greater than the distance mean,
the connection was considered as a mean-exceeding long-
distance connection. Similarly, a connection was called
median-exceeding long-distance connection if its length
was greater than the distance median.
E. Graph Metrics
Besides the above connection-level measures, we em-
ployed graph metrics to characterize connectivity proper-
ties. In this study, we used weighted clustering coefficient
(Cw) and local efficiency (El) to investigate community
properties of the connectivity network while we used
weighted characteristic path length (Lw) and global ef-
ficiency (Eg) to show the efficiency of information flow
among brain regions [40]. To calculate these graph metrics,
a sparsity threshold must be specified. We applied a wide
range of sparsity form 0.1 to 0.4 with an incremental
step of 0.01 instead of a certain sparsity [21], because
there is no definitive manner to determine an optimal
sparsity threshold, by which all spurious connections can
be removed [40]. The final value of a graph metric was
obtained by taking the integral of individual values of this
metric over the above range of sparsity. The formulas of
the graph metrics were found below.
The metric of weighted clustering coefficient reflects
the prevalence of clustered connectivity around individ-
ual channels. Weighted clustering coefficient Cwi for the
ith channel in a given connectivity network M with K
channels Λ = {1, 2, · · · ,K} is defined as
Cwi =(
∑
j ̸=i
∑
h ̸=i,h̸=j
(m
1/3
j,i +m
1/3
i,j )(m
1/3
h,i +
m
1/3
i,h )(m
1/3
j,h +m
1/3
h,j ))/(2[(B
T +B)i
((BT +B)i − 1)− 2B2i,i])
(10)
where B is the adjacency matrix, in which Bij(i ̸=j) is set
to 1 when connection exists between the ith channel and
jth channel [41]. The wighted clustering coefficient (Cw)
of entire connectivity network is the average over weighted
clustering coefficients of all channels.
Cw =
1
K
∑
i∈Λ
Cwi (11)
Weighted characteristic path length from the ith chan-
nel to the jth channel is defined as the sum of the
lengths of edges in the shortest path starting from the
ith channel and reaching the jth channel. The length of
edge is calculated as the reciprocal of connective strength
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(di,j = 1/mi,j). The weighted characteristic path length
Lw is defined as the mean of shortest path lengths of
each pair of channels in a connectivity network M with
K channels [42], [43].
Lw =
1
K(K − 1)
∑
i∈Λ
∑
i̸=j∈Λ
min{di,j} (12)
where min{di,j} is the shortest path length between the
ith channel and the jth channel. This metric reflects
functional integration. Global efficiency Eg is the average
inverse shortest path length in a connectivity network M
with K channels [44].
Eg =
1
K(K − 1)
∑
i ̸=j∈Λ
1
min{di,j} (13)
This metric reflects the global efficiency of parallel infor-
mation transfer in the network, which is inversely related
to the Lw. Local efficiency El is the global efficiency only
computed on the neighbourhoods of a given channel [44].
El =
1
K
∑
i∈Λ
Eg(i) (14)
where Eg(i) is the global efficiency in the neighbourhoods
of the ith channel (the set of channels that directly connect
to the ithe channel). This metric reflects the efficiency of
the network on the local scale.
LOFC
HOFC
aHOFC
No Significant Connection
Alpha
8~12 Hz
Beta
13~30 Hz
Alpha+Beta
8~30 Hz
Fig. 3. Connections exhibiting significant differences among walking
conditions for the low-order functional connectivity (LOFC), high-
order functional connectivity (HOFC), and associated high-order
functional connectivity (aHOFC).
V. Results
We investigated whether there was a significant dif-
ference among walking conditions in individual elements
of connectivity matrices. One-way analysis of variance
(ANOVA) with the factor of walking at four conditions
revealed that there were 13, 15, and 13 connections ex-
hibiting statistically significant differences among walk-
ing conditions in the LOFCα, LOFCβ , and LOFCαβ ,
TABLE I
The connections with significant differences among walking
conditions in the LOFCα
Connetction Channel Channel F-value p-value
1 CP5 Fp1 6.45 0.0005
2 CP5 Fpz 4.60 0.0046
3 CP5 Fp2 6.52 0.0004
4 CP5 Fz 7.46 0.0001
5 CP5 F4 5.35 0.0018
6 CP5 FC2 5.43 0.0016
7 CP5 T8 5.04 0.0027
8 CP5 AF4 5.92 0.0009
9 CP5 F1 5.21 0.0022
10 CP5 F2 6.68 0.0004
11 CP5 F6 5.06 0.0026
12 CP5 FCz 5.70 0.0012
13 P1 C1 4.59 0.0047
TABLE II
The connections with significant differences among walking
conditions in the LOFCβ
Connetction Channel Channel F-value p-value
1 CP5 Fp1 7.69 0.0001
2 CP5 Fpz 5.68 0.0012
3 CP5 Fp2 6.66 0.0004
4 CP5 Fz 7.57 0.0001
5 P1 Fz 4.67 0.0042
6 CP5 F4 5.90 0.0009
7 CP5 FC2 6.22 0.0006
8 CP5 C3 4.57 0.0048
9 P1 CP1 4.77 0.0037
10 CP5 AF3 4.61 0.0045
11 CP5 AF4 7.17 0.0002
12 CP5 F1 4.98 0.0029
13 CP5 F2 6.90 0.0003
14 CP5 F6 6.17 0.0007
15 CP5 FCz 5.47 0.0016
respectively (p <0.005, uncorrected). The distribution of
these significantly different connections is depicted in the
upper row of Fig. 3. The distribution patterns for each
band are analogous, showing the connective relationship
between the left centroparietal region and the medium,
right frontal region. The specific channels involved in these
connections with significant differences are listed along
with statistical F-values and p-values in Table I, Table
II, and Table III. There was no statistically significant
TABLE III
The connections with significant differences among walking
conditions in the LOFCαβ
Connetction Channel Channel F-value p-value
1 CP5 Fp1 7.44 0.0001
2 CP5 Fpz 5.49 0.0015
3 CP5 Fp2 6.69 0.0004
4 CP5 Fz 7.63 0.0001
5 P1 Fz 4.67 0.0042
6 CP5 F4 5.83 0.0010
7 CP5 FC2 6.10 0.0007
8 CP5 T8 4.54 0.0050
9 CP5 AF4 6.96 0.0003
10 CP5 F1 5.14 0.0023
11 CP5 F2 6.96 0.0003
12 CP5 F6 5.95 0.0009
13 CP5 FCz 5.56 0.0014
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topographical connection found in the HOFC. For the
aHOFC, we observed 11, 11, and 18 associated connections
with statistically significant differences among walking
conditions in the aHOFCα, aHOFCβ , and aHOFCαβ , re-
spectively (see the bottom row in Fig. 3). The distribution
of these associated connections was also generally between
the left centroparietal region and the right frontal region
but more widespread in the centroparietal region with
extension to the occipital region. The channels involved
in these associated connections and their statistics are
shown in Table IV, Table V, and Table VI. The post-
hoc paired t-test showed that connective strengths of
significant connections were greater in the exoskeleton-
aided walking with low assistant force (LAF) compared
to the other three walking conditions in the LOFC (see
the t-test results in Table VII for the LOFCα and in
supplementary Table II and Table III for the LOFCβ
and LOFCαβ ). The connective strengths of the most of
associated connections in the alpha band were depressed
when assistant force was provided by an exoskeleton
compared to the condition without the assistant force,
while the higher connective strength existed in the walking
condition without an exoskeleton compared to the walking
condition with an exoskeleton without assistant force at a
few associated connections (see supplementary Table IV).
For the beta band and incorporative band, the results were
similar. Please find the details in supplementary Table V
and Table VI.
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Fig. 4. Distances of the connections with significant differences
among walking conditions. The horizontal red line represents the
mean of distances of all pairs of two channels while the horizontal blue
line represents the median of the distances. The numbers from left
to right below each graph are the number of significant connections
(exhibiting significant differences among walking conditions), the
number of significant connections with length greater than the mean
threshold (mean length is 106.98), and the number of significant
connections with length greater than the median threshold (median
length is 110.81), respectively.
The investigation of connection length showed that 11
out of 13 connections, 12 out of 15 connections, and 12 out
of 13 connections were long-distance connections in the
LOFCα, LOFCβ , and LOFCαβ , respectively (see Fig. 4).
TABLE IV
The connections with significant differences among walking
conditions in the aHOFCα
Connetction Channel Channel F-value p-value
1 P7 Fp2 5.56 0.0014
2 P5 Fp2 5.13 0.0024
3 PO5 Fp2 4.59 0.0047
4 FT7 Fp2 4.56 0.0048
5 TP7 Fp2 4.94 0.0030
6 PO7 Fp2 5.71 0.0012
7 PO5 F8 4.67 0.0042
8 PO7 F8 4.92 0.0031
9 Pz T7 4.69 0.0041
10 P4 T7 4.65 0.0043
11 PO7 AF8 4.71 0.0040
TABLE V
The connections with significant differences among walking
conditions in the aHOFCβ
Connetction Channel Channel F-value p-value
1 P5 Fp1 5.04 0.0027
2 P6 Fp1 4.68 0.0041
3 P7 Fp2 4.95 0.0030
4 PO5 Fp2 4.69 0.0041
5 PO7 Fp2 5.72 0.0012
6 P7 AF8 4.81 0.0035
7 P3 AF8 4.53 0.0050
8 Pz AF8 4.71 0.0040
9 POz AF8 5.00 0.0028
10 FT7 AF8 4.64 0.0044
11 PO7 AF8 5.23 0.0021
This reflects that the connections differing among walking
conditions were those who connected remote channels.
All associated connections which exhibited significant dif-
ferences in the ANOVA were long-distance connections
for all explored bands (i.e., alpha band, beta band, and
the incorporative band). Their lengths exceeded both the
mean threshold (mean length is 106.98) and the median
threshold (median length is 110.81) (see Fig. 4).
The investigation using graph metrics revealed that
there was a significant difference in weighted clustering
TABLE VI
The connections with significant differences among walking
conditions in the aHOFCαβ
Connetction Channel Channel F-value p-value
1 P7 Fp2 5.44 0.0016
2 P5 Fp2 4.83 0.0035
3 PO5 Fp2 5.07 0.0026
4 TP7 Fp2 4.77 0.0037
5 PO7 Fp2 6.18 0.0007
6 PO7 F8 4.56 0.0048
7 FC5 AF8 4.82 0.0035
8 P7 AF8 5.40 0.0017
9 P3 AF8 4.81 0.0035
10 Pz AF8 5.00 0.0028
11 P8 AF8 4.84 0.0034
12 POz AF8 5.55 0.0014
13 O1 AF8 5.04 0.0027
14 Oz AF8 4.56 0.0048
15 PO5 AF8 4.91 0.0031
16 FT7 AF8 4.91 0.0031
17 PO7 AF8 5.92 0.0009
18 PO8 AF8 4.76 0.0038
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TABLE VII
The post-hoc t-test results for the LOFCα
Connection ZF versus FW ZF versus LAF ZF versus HAF FW versus LAF FW versus HAF LAF versus HAFt-value (p-value) t-value (p-value) t-value (p-value) t-value (p-value) t-value (p-value) t-value (p-value)
1 - -3.67↑ ( 0.0011 ) - -3.21↑ ( 0.0035 ) - 2.84↓ ( 0.0087 )
2 - -3.59↑ ( 0.0013 ) -2.24↑ (0.0340) -2.51↑ ( 0.0186 ) - -
3 - -3.21↑ ( 0.0035 ) - -3.31↑ ( 0.0027 ) - 2.79↓ ( 0.0097 )
4 - -3.67↑ ( 0.0011 ) - -3.18↑ ( 0.0038 ) - 2.97↓ ( 0.0063 )
5 - -3.11↑ ( 0.0045 ) - -2.19↑ ( 0.0374 ) - 2.89↓ ( 0.0076 )
6 - -3.52↑ ( 0.0016 ) - -2.25↑ ( 0.0334 ) - 2.75↓ ( 0.0108 )
7 - -2.83↑ ( 0.0088 ) - -2.72↑ ( 0.0114 ) - 2.47↓ ( 0.0206 )
8 - -3.45↑ ( 0.0019 ) - -2.36↑ ( 0.0260 ) - 2.85↓ ( 0.0085 )
9 - -3.61↑ ( 0.0013 ) - -2.43↑ ( 0.0222 ) - 2.33↓ ( 0.0280 )
10 - -3.69↑ ( 0.0010 ) - -2.45↑ ( 0.0211 ) - 2.95↓ ( 0.0066 )
11 - -2.65↑ ( 0.0135 ) - -2.65↑ ( 0.0134 ) - 2.21↓ ( 0.0364 )
12 - -3.62↑ ( 0.0013 ) - -2.42↑ ( 0.0228 ) - 2.66↓ ( 0.0132 )
13 - -2.90↑ ( 0.0074 ) - -2.42↑ ( 0.0226 ) - 3.88↓ ( 0.0006 )
↑ indicates the greater connective strength in the latter condition while ↓ indicates the less connective strength in the latter condition.
For example, ZF versus LAF (-3.67↑) indicates the LAF is greater than the ZF in the connective strength.
- indicates no significance at the significance level of 0.05.
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Fig. 5. Comparisons of graph metrics among walking conditions in
the LOFCβ . Asterisk indicates the significance level of the post-hoc
t-test (* p <0.05).
coefficients of the LOFC among walking conditions. Specif-
ically, weighted clustering coefficient in the beta band
for the LOFC was significantly different among walking
conditions (F[3,104]=2.86, p=0.0405, uncorrected). It was
marginally significant in the alpha band for the LOFC
(F[3,104]=2.59, p=0.0567, uncorrected). For the incorpo-
rative band (8 ∼ 30 Hz), there were significant differences
among walking conditions (F[3,104]=2.77, p=0.0453, un-
corrected). No other significant case was found in the
metrics of Lw, El, and Eg for the LOFC. There was no
significant case found in all metrics for the HOFC and
aHOFC. The post-hoc t-test showed that the significant
difference of Cw in the beta band for the LOFC was due
to the significant difference between the walking without
an exoskeleton (FW) and the walking with low assistant
force provided by an exoskeleton (LAF) (see Fig. 5). In the
case of the incorporative band, the significant difference
was also derived from the significant difference between
the FW and LAF (see supplementary Fig. 1).
VI. Discussions
In this study, we designed an experiment in an uncon-
strained situation to explore brain functional connectivity
at four kinds of walking. The unconstrained setting made
participants not to be distracted by imposed constraints
and not have to pay extra effort to fit with constraints.
This could empower that the observations from such ex-
periment are more congruent with what they should be
and the findings could realistically describe the underlying
neural mechanisms exerting in the walking. We explored
both individual connections and graph metrics for the
four walking conditions and revealed the differences among
them. The exploration was not only performed in the
LOFC but also performed in the HOFC and aHOFC. We
found that the connections mainly linking between the left
centroparietal region and the right frontal region were sig-
nificantly different among walking conditions for the alpha
band, beta band, and the incorporative band (8 ∼ 30 Hz)
in the LOFC and aHOFC, but not in the HOFC. Based
on the investigation of connection length, we revealed that
the large majority of significant connections in the LOFC
were long-distance and all significant connections in the
aHOFC were long-distance. The graph metric exploration
showed that weighted clustering coefficients in the LOFCβ
and LOFCαβ were significantly different among walking
conditions, which was attributed to the significant differ-
ences between the walking without an exoskeleton (FW)
and the walking with low assistant force provided by an
exoskeleton (LAF). There was no other significant case
existing in other metrics for the LOFC and any metrics
for the HOFC and aHOFC. The detailed discussions of
the findings in this study are drawn below.
The connections with significant differences among
walking conditions are very similar across the bands (i.e.,
alpha band, beta band, and the incorporative band) in
the LOFC, leading to the analogous distribution pattern.
In the aHOFC, the connections were also similar although
the similarity between the distribution patterns across the
bands was not as high as that appeared in the LOFC.
These results demonstrated that the alpha and beta bands
were equivalently involving in the walking in terms of
inter-regional connectivity. The equivalent contribution to
the walking was roughly in agreement with the observation
that power spectral densities (PSD) of these two bands
were concurrently changed relevant to walking [11], [28],
[10] as well as the movements of upper limbs [45]. This
might be due to that the alpha and beta bands are
modulated to accomplish the largely overlapping part of
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the motor function. Our study showed that significantly
different connections among walking conditions were those
mainly linking between the left centroparietal region and
the right frontal region, rather than the motor region.
This might be because the connections in the motor
region do not appear enough difference and the difference
might be too small to be observed in the experiment.
This possibility has been addressed in the paper investi-
gating hemispherical asymmetry of the PSD relevant to
the walking [13]. This paper reported the significantly
asymmetric PSD appeared in the parietooccipital region,
rather than motor region. We assumed that brain regions
dominantly involving in the implementation of movements
exerted similarly across walking conditions. The brain
regions dominantly involving in the motor coordination
and adjustment should exert more differently so as to
meet the particular requirement of a specific type of
walking. The similarity across the bands was also observed
in the results of post-hoc t-test. The comparison pairs
(e.g., ZF versus LAF) turning up statistical significance
at one band were also statistically significant in the other
two bands to a large extent (please refer to Table VII,
supplementary Table II and Table III). For instance, the
comparison pair (ZF versus LAF) showing statistical sig-
nificance in the LOFCα was also significant in the LOFCβ
and LOFCαβ . The direction (ZF was less than LAF)
was also the same across the bands. Such phenomenon
was also approximately tenable in the aHOFC. These
results derived from the post-hoc tests support the above
assumption that alpha and beta bands were involved in the
largely overlapping part of the motor function. Our study
revealed that connective strengths were increased when
low assistant force was provided to facilitate the walking
compared to the walking without assistant force in the
LOFC, but further enhanced assistant force (HAF) did
not lead to more elevation in the connective strengths. Al-
though the connective strengths at the walking condition
with HAF were higher than that of the walking with the
exoskeleton without assistant force, they were less than
that of the walking with low assistant force (LAF). This
demonstrated that higher assistant force might not always
result in proper assistance for the walking. Appropriate
assistant force which fits with the participant could be
optimal to provide effective assistance for the walking.
From the post-hoc t-test results of aHOFC, it can be
seen that assistant force lowered the correlation between
topographical profiles (a column in the LOFC matrix) and
high-order topographical profiles (a column in the HOFC
matrix) (see Fig. 2(C) for the illustration of profiles).
We proposed the investigation of connection length on
the connections with the significant differences among
walking conditions. The results of this investigation were
intriguing. The large majority of connections with sig-
nificant differences among walking conditions were long-
distance in the LOFC and all the connections were long-
distance in the aHOFC, which reflected that connective
difference among walking conditions mainly existed in the
long-distance connections in terms of individual connective
strength. These long-distance connections might serve to
convey information between remote brain regions, which
is differential among walking conditions. When we took
all connections and explored them as a whole using graph
metrics, we found that the significant differences among
walking conditions only appeared in the weighted cluster-
ing coefficient (Cw) and this metric Cw in the walking con-
dition with low assistant force (LAF) was greater than that
in the walking condition without an exoskeleton (FW).
However, our previous preliminary study found more sig-
nificant cases such as in the case of characteristic path
length [21]. This might be due to the small sample size
(i.e., seven participants) in the previous preliminary study.
The relatively large size of samples (i.e., 27 participants)
in this study enhances the confidence of the findings. Al-
though the less number of significant cases observed in this
study, the results were compatible with the results showed
in the previous preliminary study. In the Cw comparison
between the walking condition with high assistant force
(HAF) and the walking without an exoskeleton (FW), we
did not find a statistically significant difference between
them. This violated our initial hypothesis that high as-
sistant force should push the change further towards the
change direction from the FW to the LAF. The possible
explanation might be the one we mentioned above. The
higher assistant force might not always result in proper
assistance for the walking. An appropriate assistant force
which fits with the participant could be optimal to provide
effective assistance for the walking. This point informs
that an exoskeleton-aided study should consider physical
characteristics (e.g., bodyweight and physical strength) of
participants to set appropriate assistant force. This point
also motivates a study, where more levels of assistant force
are included to reveal the relationship between the level
of the provided assistance and the brain reactions during
walking.
As discussed above, the physical characteristics of par-
ticipants could be critical to determine appropriate as-
sistant force. We had considered the factors of physical
strength, height, and weight in the criteria of participant
recruitment but we did not particularly consider the re-
lationship between these characteristics and the level of
assistant force and quantified the assistant force to provide
optimally appropriate force. This is a limitation of our
study. In the statistical evaluation, multiple comparison
correction was not applied to correct p-values because we
would like to provide all original results of statistics as this
was an exploratory study. We, for the first time, explored
high-order functional connectivity for the walking with
and without an exoskeleton in an unconstrained situation.
Original p-values were provided in this paper so readers
are able to have their own interpretation by using another
threshold of the significance level. Another point we want
to mention is volume conduction. To minimise the effect of
volume conduction, we used partial directed coherence to
estimate functional connectivity as it is insensitive to the
volume conduction. Alternatively, transforming to source
domain and then estimating functional connectivity can
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also dramatically eliminate the effect of volume conduction
(a review of source connectivity analysis can be found in
[46]).
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